Abstract
Cellular proteins are regularly degraded and replaced with newly synthesized copies, minimizing the 1 accumulation of toxic damage and ensuring a functional proteome. An elegant balance between 2 translation and degradation rates thus maintains protein concentration within the cell, assigning each 3 protein a specific half-life [1] [2] [3] [4] . A protein's life starts as its messenger RNA blueprint is translated into a 4 chain of amino acid building blocks. This chain generally folds itself into a 3D molecule that then takes 5 on functions such as enzymatic activity, binding specific ligands, helping to create cellular structures, 6 assembling into macromolecular machines and transporting other proteins. Protein's life ends as a 7 degradation machinery, such as the ubiquitin-proteasome system (UPS) in eukaryotes, proteolyzes it into 8 multiple fragments 4, 5 . The UPS includes two major enzymes. One is ubiquitin, that stochastically festoons 9 substrate proteins with a molecular marker for degradation (a polyubiquitin tag). The other is proteasome, 10 that (i) recognizes its substrates based on this tag, (ii) engages with an intrinsically disordered region 11 (IDR) of the substrate, (iii) mechanically unfolds the protein by pulling the polypeptide chain from the 12 engaged IDR into a degradation channel 6 where (iv) an ATP-driven proteolysis occurs [5] [6] [7] (Fig. 1a) . 13
Experimental measurement of protein half-life in different organisms show a wide range of variation from 14 minutes to days [1] [2] [3] , providing a platform based on which multiple biological questions can be addressed.
15
Some studies have shown altered protein half-lives leading to abnormal development 8 , neurodegenerative 16 diseases and cancer 9 . Accumulation of toxic damage in long-lived proteins is identified as a major inducer 17 of ageing 10 . Other studies have looked for the factors that affect protein half-life in the cell [11] [12] [13] [14] [15] [16] [17] [18] [19] . Over the 18 years, multiple factors have been identified-some tested only for specific proteins, some tested at 19 genome-scale-to affect protein half-life in the cell. 20
The proteolytic site of proteasome is accessible only through a narrow degradation channel (10-15Å 21 width, ⁓70Å length), through which only unstructured polypeptides can penetrate 4, 5 . Consequently, on a 22 genome-scale, proteins featuring long intrinsically disordered regions (IDRs) are more susceptible to 23 degradation and they exhibit short half-lives 12 . Shorter half-life is also observed for proteins featuring 24
IDRs with amino acid compositions permitting high-affinity proteasomal engagement 11 . To degrade 25 globular proteins, the ATPase molecular motor of proteasome first sequentially unfolds them by pulling 26 their polypeptide chain from the engaged IDR into the degradation channel 4,13 . This mechanical unfolding 27 is resisted by the native molecular contacts stabilizing the globule 14 and only for a handful of proteins, it 28 is shown that stronger resistance leads to slower degradation rates 15, 16 . Protection from degradation is also 29 achieved when proteins sequestrate into multicomponent complexes [17] [18] [19] . This effect is formally known as 30 cooperative stability 20 , but neither its molecular basis is clearly understood, nor its impact on protein half-31 life is tested on a genomic scale. 32
Here, we exploit the experimental genome-scale half-life data of yeast proteins, wide-ranging information 33 about their structural fold and 3D geometry, along with extensive biochemical characterization of the 34 complexes they assemble into to develop a theory demonstrating how a wide spectrum of structural 35 constraints of biological macromolecules regulates protein half-life in the cell. We begin by finding that 36 native topology of monomeric globular proteins acts as a molecular marker of their mechanical resistance, 37
and thus, affects half-life on a genomic-scale. For oligomeric proteins, the influence of topology is 38 superseded by that of cooperative stability, that affects half-life in at least three mechanisms, (i) 39 association with multiple complexes leads to longer half-lives of subunit proteins, (ii) hierarchy of 40 complex self-assembly involves short-living proteins binding late in the assembly order and (iii) for small 41 complexes, larger buried surface area, that generally reflects strong association and weak dissociation 42 constants, generally leads to longer half-lives. Finally, we confirm that diversification of native topology 1 and promiscuous oligomerization are further exploited to alter protein half-life during evolution. Our 2 work not only evaluates the independent and combined impacts of different structural constraints to 3 regulate protein half-life, and places them into genomic context, but further deepens our understanding of 4 the designing principles of biological macromolecules. 5
RESULTS

6
Prevalence of long-range contacts of globular proteins contribute to stronger mechanical 7 resistance and thereby longer half-life 8 Mechanical unfolding is a crucial step of globular protein degradation 4, 13 and this phenomenon has 9 received a great deal of scientific focus in the past decade, encouraging multiple experimental and 10 simulation studies attempting to understand the molecular origin of protein's mechanical resistance (Data 11 S1
). An interesting comparison of ubiquitin and protein L (similar fold class) showed equivalent 12 unfolding patterns at all chain pulling speeds, but the former having higher native long-range contacts 13
(non-covalent contacts between residues far separated in primary chain) required higher peak unfolding 14 force
21
. G2B for N-and C-terminal pulling respectively (Fig. 1b-d) . Second, for three globular proteins with 27 experimental data depicting alterations of mechanical resistance upon point-mutations (Online Methods), 28
we confirm that an elevation/demotion of mechanical resistance is perpetually associated with alike 29 changes of ACO (Fig. 1e , Data S1). Third, for some proteins it was demonstrated that their mechanical 30 anisotropy (pulling from different termini requires different peak unfolding forces) determines the 31 directional bias of degradation (the terminus that is intrinsically disordered / easier to mechanically unfold 32 is preferred by the proteasome to initiate degradation) 22 . For three such cases (maltose-binding protein, 33
apo-calmodulin and ovalbumin), where the two termini are located at two distinct structured domains, we 34 make two crucial observations. (i) Proteasome prefers unwinding maltose binding protein from the C-35 terminal domain, that has lower ACO (and requires weaker unwinding force) compared to that of N-36 terminal domain.
(ii) Proteasome has no directional preference to unwind apo-calmodulin and ovalbumin, 37 and both of their N-and C-terminal domains exhibit nearly identical ACO (Fig. 1f) . These three sets of 38 analyses provide a statistical proof-of-concept that ACO acts as a molecular marker of protein's 39 mechanical resistance, in a manner that higher ACO dictates higher mechanical resistance. 40
During an interesting experiment of titin degradation by ClpXP (bacterial/mitochondrial homolog of 1 proteasome) Kenniston et al. 15 observed that folded titin molecules are processed at much slower rates 2 (150 molecules/min) than unfolded ones (600 molecules/min). They concluded that proteasomal 3 degradation being a stochastic process, each substrate has a fixed probability of denaturation during each 4 enzymatic cycle. For substrates with stronger mechanical resistance (such as folded titin, compared to 5 unfolded ones), this probability would be lower and denaturing most of the molecules in the population 6 would require many ATP cycles 15 . Since higher ACO prompts higher mechanical resistance, for two 7 proteins subjected to proteasomal degradation for the same time span, larger fraction of undegraded 8 molecules is expected for the one with higher ACO. This notion is supported by the outcome of an 9 experiment subjecting dihydrofolate reductase (from Escherichia coli and mouse) and ribonuclease 10 barnase proteins to proteasomal degradation 13 . After 200 minutes of incubation, the percent of undegraded 11 molecules of the three proteins exhibit a surprising −0.98 correlation with their ACO values (Fig. 1g) .
12
These results encourage us to ask whether and how native topology influences protein half-lives in the 13 cell. We start with 52 X-ray crystallographic structures (≤3 Å resolution) of annotated yeast monomeric 14 log T and ACO, 27 demonstrating a proteome-wide tendency of native topology regulating protein half-lives (Fig. 2e) (Fig. 2f) . 4
Taken together, these data show that native topology acts as a master regulator of globular protein half-5 life, with indications that cooperative stability has some strong influence as well. T T T , at similar ranges of ACO (Fig. 3c) . Second, we classify the 2487 oligomeric 30 proteins into three groups: proteins that participate in ≥1 complexes as central particles only (g1), those 31 that contribute to ≥1 complexes as central and to ≥1 complexes as attached particles (g3) and those that 32 participate in ≥1 complexes as attached particles only (g3) (Fig. 3d-e , Fig. 4b-d) .
(ii) Central and attached proteins tend to have terminal 8
IDRs shorter and longer, respectively, than the cutoff required for direct proteasomal engagement; (iii) 9 both central and attached proteins exhibit internal disordered regions susceptible to direct proteasomal 10 engagement ( Fig. 4b-d Further analysis shows that although overall degree of disorder of globular proteins also regulates their 7 mechanical resistance, ACO plays the major deterministic role (Text S1). The role of long-range contacts 8 in determining protein's mechanical resistance was first revealed by comparing the unfolding patterns of 9 ubiquitin and protein L, those feature similar fold class, but the former requires ⁓70 pN higher force to 10 unwind 21 . The terminal segments, by which the two proteins were pulled, make similar number of 11 contacts with the hydrophobic core of both proteins, but the number of long-range contacts made between 12 terminal regions of protein L and its hydrophobic core are significantly fewer than those for ubiquitin.
13
This suggested that protein's mechanical stability emerges from how the terminal-that is being pulled-14 is globally and cooperatively stabilized across the structure 21 . In summary, our results reflect a complex interplay among versatile biophysical constraints associated 9 with native topology, assembly, and oligomerization of biological macromolecules maintaining protein 10 half-life in the cell. Native topology and oligomerization of proteins into multimeric complexes are 11 independent of the architecture of the degradation machinery, and therefore, these factors are expected to 12 be in effect equivalently in all living organisms. 13
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46
. ModBase is a database of comparative protein structure models, calculated by a standardized 21 automated comparative protein structure modeling pipeline 46 . In this pipeline, a structure model of the 22 protein of interest in build based on one or more template structures having a certain degree of sequence 23 identity with the protein of interest. A model is considered to be reliable (have a reliable fold assignment) 24 if it is evaluated within the following thresholds by at least one of these model evaluation criteria 46 : (i) 25 MPQS (ModPipe Quality Score) ≥ 1.1, (ii) TSVMod NO35 (estimated native overlap at 3.5 Å) ≥ 40%, 26 (iii) GA341 (concerns the correct 3D coordinate assignments of the Cα atoms) ≥ 0.7, (iv) E-value 27 (significance of the alignment between the target and the template by PSI-BLAST 47 ) < 0.0001, and (v) 28 zDOPE < 0 (for understanding the theoretical development of these parameters, please refer to ref. 46).
29
We include a model structure in our structure dataset based on the following criteria: (i) the modeled 30 region covers ≥ 75% of the protein length, (ii) MPQS (ModPipe Quality Score) ≥ 1.1, (iii) TSVMod 31 NO35 (estimated native overlap at 3.5 Å) ≥ 40%, (iv) GA341 ≥ 0.9, (v) PSI-BLAST E-value between 32 model and template structures is < 10 −8 , and (vi) zDOPE < 0. After applying these constraints, we are left 33 with reliable model structures of 1003 proteins. 34
Protein intrinsic disorder data
35
We have used the intrinsic disorder data of 3273 yeast proteins (those with available half-life data), earlier 36 predicted by Madan Babu and co-workers 12 . The authors used three complementary methods 48-50 for 37 inferring residue-level disorder tendency of each yeast protein. 38
Protein mechanical unfolding data
The mechanical unfolding of globular proteins upon pulling the amino acid chain (similar to that occurs 1 upon proteasome engagement) has been addressed by Atomic Force Microscopy experiments and by 2 computer simulations. We have used three datasets in our work (Data S1). The first group (G1) includes 3 16 proteins unfolded in Atomic Force Microscopy experiments, by pulling the polypeptide chains at 600 4 nm/s (11 proteins) and 300 nm/s (5 proteins) speeds. This dataset is collected from Brockwell et al. 50 and 5
Sułkowska and Cieplak 51 . The second group (G2) includes 27 proteins unfolded in all-atom computer 6 simulations. Eleven proteins (G2A) were pulled from the N-terminal at 7 5 10  nm/s speed (C-terminal 7 fixed). This data is also collected from Sułkowska and Cieplak
51
. Sixteen proteins (G2B) were pulled 8 from N-and C-terminal separately at 6 5 10  nm/s speed, keeping the other terminal free, thus allowing the 9 substrate to rotate and adopt a less obstructive orientation for unfolding (as happens during degradation).
10
This data is collected from the work of Wojciechowski et al. 52 . 11
In addition, we have collected experimental mechanical unfolding data for three proteins, Dictyostelium 12 discoideum filamin 53 , yellow and green fluorescent proteins 54 and Ig27 domain of titin 55 , each depicting 13 alterations of mechanical resistance upon point-mutations in the native protein. This data is used to verify 14 whether enhancement/reduction of mechanical resistance in these cases are associated with respective 15 increase/decrease of contact order. 16
Absolute Contact Order estimation (ACO)
17
The absolute contact order (ACO) of a protein structure is defined as the average amino acid separation of was the first proteome-wide screening for macromolecular machines in yeast, using tandem-affinity-2 purification method coupled to mass spectrometry (TAP-MS) to all 6,466 ORFs of Saccharomyces 3 cerevisiae. Entries in Complex Portal 25 are based on manual curation of widespread experimental data 4 depicting direct physical association between complex subunits, such as affinity chromatography, 5 chromatin immunoprecipitation, coimmunoprecipitation, two hybrid fragment pooling, tandem affinity 6 purification, electron microscopy and x-ray crystallography. We (i) carefully compare the entries in these 7 two databases, (ii) further curate the information therein (regarding the existence of the complex and its 8 subunit composition) based on extensive protein-by-protein literature search of published experimental 9 data and (iii) add new complexes in the set (along with subunit composition information) accordingly. We 10 particularly look for reports concerning (i) different isoforms of a given complex and (ii) its temporary 11 attached particles, such as chaperons and assembly co-factors. . 27
Statistical Analysis
28
All the statistical analyses are performed using in-house Python scripts and PAST software package 62 . 29 It is a well-established fact that presence of disordered regions is associated with weaker mechanical 3 resistance of biological proteins and proteasomes exploit this attribute by preferring the disordered 4 termini of substrate proteins as initiation sites of forced unwinding 1 . Since the percent of disordered 5 residues (PDR) present within a protein can be considered as a measure of their overall stability 2,3 , we aim 6 to find a quantitative sketch of how PDR correlates with protein's mechanical resistance. We estimate the 7 PDR of proteins included in G1, G2A and G2B datasets using DISOPRED3 algorithm 4 and obtain 8 statistically significant negative correlations with peak unfolding forces. 9
Linear regression for G1 group: 10 11 Linear regression for G2A group: 12 13 Linear regression for G2B group:
1
The correlation between PDR and mechanical resistance is basically quantitatively presents the already 2 established concept that proteins with higher degree of disorderness would unfold easily. Though this 3 issue has been repetitively tested and validated in multiple experiments, a simple mathematical sketch has 4 been missing until now. 5 ACO, not PDR, is the major determinant of protein's mechanical resistance
6
In the main text, we have shown that higher ACO is associated with higher mechanical resistance of 7 substrate proteins. Here we observe another striking fact that overall degree of disorderness, measured as 8 PDR, contributes to protein's mechanical resistance as well. Nussinov plot leads us to some very interesting conclusions. First, ACO is a much stronger regulator of 4 half-life for oligomeric proteins that remain structured in monomeric states as well, compared to those 5 that remain disordered at monomeric state. It is a well-known fact that oligomeric proteins degrade much 6 faster in monomeric state. So, for proteins that remain structured prior to degradation, ACO stands as a 7 marker of mechanical resistance and thus affects half-life. For proteins, that become unstructured at 8 monomeric state, one cannot expect a correlation between complexed state ACO and half-life. 9
10
Stronger correlations between BSA and half-life is obtained for complex subunits that remain 11 structured in monomeric state, compared to those that remain disordered
12
In the main text, we have shown that BSA acts as a marker of dissociation rate of complex subunits.
13
Because oligomeric proteins degrade much faster in monomeric state, proteins that dissociate slowly from 14 complexes, have longer half-life. We now ask whether this relationship depends on the fact that some 15 oligomeric proteins remain structured and others remain disordered in monomeric state. 16
Linear regressions between BSA and half-life for homo-and heteromeric complex subunits that remain 17 disordered in monomeric state: Linear regressions between BSA and half-life for homo-and heteromeric complex subunits that remain 12 structured in monomeric state: 13 1 Nussinov plot again leads us to some very interesting conclusions. Proteins that obtain stable 3D structure 2 only after binding depict weaker dependency with BSA. Just as we noticed in the main text, the 3 correlation gets improved when we consider percent of ASA buried (%ASAb) instead of BSA. It has been 4 previously shown that proteins with higher disorderness can even get degraded directly from complexes, 5 if proteasomes can access their segments that remain disordered even in complexed state. This probability 6 of proteasomal engagement is expected to be much weaker for proteins that are remain ordered even in 7 monomeric state, explaining the BSA dependency. 8 9 10
